The estimation of respiratory rates from contineous respiratory signals is commonly done using either fourier transformation or the zero-crossing method. This paper introduces another method which is based on the autocorrelation function of the respiratory signal. The respiratory signals can be measured either directly using a flow sensor or chest strap or indirectly on the basis of the electrocardiogram (ECG). We compare our method against other established methods on the basis of realworld ECG signals and use a respiration-based breathing frequency as a reference. Our method achieved the best agreement between respiration rates derived from directly and indirectly measured respiratory signals.
Introduction
The continuous measurement of the respiratory rate is particularly important in the medical environment as well as in the area of sports applications. Here, the most widely used approach is the measurement of the movements due to breathing using a chest strap or an impedance-based pneumographic device [1, 2] . However, there are also algorithms that derive the respiratory frequency noninvasively from other biosignals. It has been shown that the amplitude of the QRS-complex is modulated by chest movements during breathing, which results in a changing Rpeak amplitude that correlates highly with the actual respiratory signal (taken from a chest strap or a flow sensor) [3] . From this signal one can estimate the breathing rate using a great variety of algorithms. The most commonly used methods are the Fast-Fourier Transform (FFT-method) and the zero-crossing method. The former estimates the rate from the strongest frequency component in the respiration signal, whereas the latter is based on determining the average duration of each breath [3, 4] .
Interferences in the estimated respiration signal can lead to deviations in the estimated respiration rate. In this paper we propose a new method that allows a less interference-prone estimation of the respiratory rate. We applied the method to respiration signals derived both from ECG and a chest strap and evaluated the results in comparison to FFT and zero-crossing based respiration rate estimation methods.
Methods

Estimation of the respiratory rate
As a first step the respiratory signal is extracted from the ECG-signal sampled with the sampling frequency f s . For this purpose, a Hamilton-Tompkins algorithm [5] Extraction of the respiratory signal from ECG is used to detect all QRS-complexes in the ECG signal (comp. Figure 1) . Next, the amplitude of the R-to-S peak is computed, which provides a robust estimation of the signal amplitude with respect to the baseline [6] . These extracted amplitudes are then interpolated by means of cubic splines to obtain the respiratory signal with the same sampling frequency as the ECG signal. An example for an extracted respiratory signal can be seen in Figure 1 . Aside from a phase shift there is a high correlation between the extracted and the reference signal.
In order to estimate the respiration rate, the fundamental frequency of the extracted respiratory signal has to be calculated. As mentioned above, this can be done using methods like the FFT in the frequency domain [4] or the zero-crossing method in the time domain [3] . In this paper we present a different approach which is based on the autocorrelation function of the estimated respiratory signal. The autocorrelation function Ψ(i) of the respiratory signal x resp is defined in Eq. 1 [7] :
Here, N and i denote the number of samples and the displacement of the signal towards itself, respectively. Generally, the autocorrelation function describes the similarity of a signal to a shifted version of itself. In the case of periodic signals, this function shows periodic maxima.
The displacements i at which those maxima occur correspond to integer multiples of the fundamental period of the signal (here, i.e. the respiratory signal). Employing the Wiener-Khinchin theorem [8] allows an efficient calculation of Eq. 1 on the basis of an FFT. Next, the intervals t i of all neighbouring local maxima of the autocorrelation function are determined. Disturbances in the extracted respiratory signal or its non-stationarity may cause additional local maxima. Figure 2 shows one such example.
Here it can be seen that high-frequency disturbances of a respiratory signal lead to local maxima (denoted in red) in the autocorrelation function that are unrelated to the fundamental period of the respiratory signal. To suppress the influence of these additional maxima an empirically estimated threshold is used so that only maxima exceeding this threshold were included in subsequent calculations.
To further weaken the influence of highly deviating time intervals their median is usesd as the final estimate for the duration of a breath cycle. The respiratory frequency in breaths per minute (bpm) can then be calculated using Eq. 2.
The first reference method to estimate respiratory rates is the FFT. It is used to calculate the spectrum of the respiratory signal. The frequency component f max with the highest amplitude is thaken as the respiratory frequency. This frequencies can be converted to the respiratory rate in bpm using Eq. 3.
For the zero-crossing method, i.e. the second reference method, the first step is to center the signal at zero by subtracting the mean respiratory signal from each sample. After that, all zero-crossings t i are detected. The respiratory rate can finally be estimated by calculating the mean of all detected zero-crossings using Eq. 4.
Simulation setup
Simultaneous recordings of ECG and respiration were used to evaluate the method. The recordings of 13 subjects with a length of 30 min each were taken from the Combined Measurement of ECG, Breathing and Seismocardiogram (CEBS) database [9, 10] . All datasets contained an ECGsignal as well as a respiratory signal measured by a chest strap. The datasets were converted to a MATLAB-readable format using the WFDB toolbox [11] . From each dataset ECG and respiratory signal were obtained and resampled to a sampling frequency of f s = 250 Hz. Both signals were subdivided into sliding windows of length T meas = 30 s and an overlap of 15 s. Baseline removal was applied to the ECG-signal [12] . Furthermore, the 50 Hz powerline interference was removed using an IIR-Notch-Filter. The respiratory signal was smoothed using an FIR-lowpass-filter (f cut = 2 Hz). The method described in section 2.1 was used for the estimation of the respiratory rate by means of directly measured respiratory signals (chest strap) and ECG signals. Subsequently, the results are then compared to the ones obtained for the FFT-method and the zerocrossing method. Figure 3 shows the raw results of all evaluated methods. The horizontal axis represents estimated respiratory rate based on the ECG and the vertical axis represents the respiratory rate based on the chest strap signal. All methods show a high correlation between respiratory rates estimated from ECG and chest strap. Both the autocorrelation method (r = 0.86, p < 10 −3 ) and the zero-crossing method (r = 0.88, p < 10 −3 ) exhibit a strong linear relationship between both estimated respiratory rates whereas this relation is much weaker for the FFT-method (r = 0,6, p < 10 −3 ). The statistical significance of the correlation was tested using a t-test. It can be seen that the referencebased respiratory rate estimated by means of the FFTmethod shows discrete values. This is due to the finite frequency resolution. The ECG-based respiration frequency does not show this effect. This is due to the spline interpolation of the R-to-S peak amplitudes leading to slightly varying sample-sizes for each time window and thus to varying frequency resolutions depending on the length of the time window T meas .
Results
The error between ECG-and chest-strap-based respiration rates for each method is displayed in Figure 4 . A Kolmogorov-Smirnov Test was used to compare the error distibutions. It turned out that all distributions were statistically significantly different (p < 10 −3 ). While the median of the autocorrelation method is located around zero, the median of the FFT-method lies above zero and shows a higher spread. The median of the zero-crossing method is also close to zero. However, its error distribution exhibits an asymmetric deviation from the median. Values for mean and variance of the error are shown in Table 1 . It can be seen that the autocorrelation method has a smaller error in average than any of the reference methods. In contrast to the zero-crossing method there is a huge difference regarding the variance of the error between autocorrelation-and FFT-method. An inter-subject analysis emphasizes these findings. It can bee seen in Figure 5 that the error of the zero-crossing method shows a higher spread than the error of the autocorrelation method. We have omitted the FFT-method since we consider it unsuited here due to its discretevalued results.
Discussion
We compared ECG-derived and chest-strap-derived respiratory rates using three different methods, i.e. FFT, zerocrossing and the newly proposed autocorrelation method. It became apparent that there is a high correlation between the results of zero-crossing and the autocorrelation. Yet, the correlation between the FFT-method and the two others is considerably lower. The results also show a low variance of the error for zero-crossing and autocorrelation as opposed to the FFT-method. However, the ECGbased respiratory rate estimates by means of zero-crossing are systematically lower than the chest-based estimation. Apparently, the autocorrelation method is less prone to interferences in the respiratory signal than the other methods. These interferences can be caused by either artifacts in the ECG signal or as a result of natural changes of the breath frequency in the analysed time interval. Another disadvantage of the FFT-method is its finite frequency resolution in the time window under consideration. It is also possible that an insufficient baseline removal leads to low-frequency components in the derived respiratory signal and therefore to a larger error. This effect was reduced by calculating the amplitude of the Rpeak with respect to the S-peak but can not be completely eliminated. Algorithms used for preprocessing can also have a deteriorating effect on the estimation of the respiratory frequency. FIR-filters used to enhance the signal-to-noise ratio almost always also remove important signal components, which in turn can lead to changed R-peak amplitudes. Other techniques (i.e. wavelet filters) might help to mitigiate this effect.
We have shown that the proposed autocorrelation method is generally feasible for the estimation of the respiration rate from both ECG-based and chest strap based respiratory signals. It is applicable to the long-term monitoring of patients in a clinical environment without directly measuring the respiratory signal. This is particularly useful, e.g. during rehabilitation after a surgical intervention. The used data exhibits a rather low variability in terms of respiratory frequency. An evaluation of our method using very low and very high respiratory frequencies is necessary to further substantiate its usefulness.
An extension of our method to PPG signals may also be conceivable. 
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